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ABSTRACT 


Recently, advances in sensor technologies, data communication paradigms, 
and data processing algorithms all affect the feasibilities of the bridges 
structural health monitoring and deterioration detection, and other 
implementations of monitoring operations. The paper proposes a method to 
design an irregularity detection and monitoring system for road bridges that 


combines internet of things (IoT) and artificial intelligence (AI) technologies. 
Raspberry Pi 4 embedded computer integrating IoT and AI technology with 
convolutional neural network (CNN) is employed to simultaneously monitor 
remote bridges on websites and apps via Google Firebase cloud database. The 
first step of successful testing in the laboratory showed that the system can 
work stably and coincide with the proposed goals. 
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1. INTRODUCTION 

Bridges are a very important part of transport infrastructure, they are very expensive to construct and 
maintain, there are many factors leading to bridge deterioration. There have been bridge collapsing incidents 
leading to serious consequences in terms of lives. By replicating personal self and conscience processes, bridge 
degradation detection systems (BDDs) deal with real-time sensing, description, and assessment of the security 
and efficacy evolving of components. This system is comprised of multiple of sensors, data collecting devices, 
flow information, a network enabling data processing, fault diagnosis and efficiency prognosis, a graphical 
user interface, and a software [1 ]-[5]. 

Recently, many researchers have dedicated themselves to expanding computer technology, deep 
learning, and computer vision for its excellent advantages in artificial intelligence (AI) [6]-[10], computer 
vision [11] and internet of things (IoT) technologies [12]-[15]. They tend to use artificial intelligence to 
discover and perform theorems, speculations, and schemes, and their joinings will make it possible for the 
accumulation of much more information at a cheap rate, actually results in innovative approaches to condition 
- based determination and prediction by resolving numerous complicated problems in standard sensing, project 
addressed, safety assessment, and reliability test. These solutions can assist the system in recognizing a 
significant inherent progression in the structural behavior in real-world scenarios. Several EU-funded 
initiatives have previously produced guidelines and suggestions to address the problems and possibilities of 
bridge structural monitoring and degradation detection [16], [17]. In Korea and Japan, many long-span bridges 
have applied the monitoring system to monitor the bridge status, but the current system is complicated to use. 
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In Vietnam, many big bridges have been applied to monitor such as Can Tho, Bai Chay, Thuan Phuoc, ... to 
observe the bridge situation but have not combined monitoring all bridges in one center. 

Techniques for detecting bridge degradation include both physical and nonphysical measures. The 
stochastic, non-parametric, and auto-regressive frameworks [18] were utilized to investigate a physical 
structure and anticipate reactions that used modeling. The vibration-based damage detection techniques [19] 
enable damage identification by comparing actual rates and conventional forms parameters inside the model. 
Furthermore, the convolutional neural network (CNN) has gained popularity and find excellent, and CNN is a 
new type of neural network that employs modern theory. CNN is amongst the most latest advancements in the 
field of image processing [7], language classification [6], [8], and natural speaker recognition [20], [21]. As a 
result, CNN applications have successfully concentrated on focusing primarily by using directed vibration 
analysis. 

In this paper, we design a monitoring system for parameters and warning of roads on multiple bridges 
at the same time, each bridge is considered a monitoring node, each monitoring node will be configured as 
well. As equipment differs depending on bridge type, data at nodes are encapsulated and transmitted, stored in 
the cloud to monitor status and issue alerts at all bridges through zero technology wire for managing and 
exploiting the current monitoring system and connecting between monitoring systems in a large area. Sensors 
and cameras are installed on various parts of the bridge. An alert should be given to the management center for 
taking precautions whenever there are parameters exceed the threshold value of the system. The following are 
the key aspects of this work: 1) first, we use convolution neural networks to recognize and predict the state on 
the bridge from the sensors; 2) we employed IoT technology to monitor on website or remote app of bridges 
using Google Firebase cloud computing facility to help the management center to monitor multiple bridges at 
the same time through the internet in different conditions and network quality to ensure data collection center 
is not interrupted at any time, information quality is always ensured; 3) finally, the connection between the 
application and Firebase will be made. So users can monitor the parameters to know the current bridge status 
through sensors parameters. 

The remainder of the paper is carried out as follows. The suggested design of the bridge deterioration 
detection system, which has the primary purpose of damage identification, is shown in section 2. We developed 
an embedded system utilizing a Raspberry Pi application to perform the detect object procedure, with the 
acceleration and strain gauge data are given in a line chart and numeric value in section 3, and the testing 
analysis discussed in section 4. Finally, section 5 concludes the overall observations. 


2. THE ARCHITECTURE OF THE PROPOSED BRIDGE DETERIORATION DETECTION 
SYSTEM 

When the parameters outperform the system's sensors threshold value, the bridge degradation 
detection system's main job is always to identify the damage index. Data gathering, artificial intelligence, an 
alert system, and monitoring are only a few of the modules that carried out the key task. Figure 1 depicts the 
monitoring and alerting structure for bridges, which is explained as follows: 

- Strain gauge and accelerometer sensors: strain gauge and accelerometer of the bridge can be measured by 
the values of sensors. When these parameters exceed the sensor's threshold value it happens to affect the 
bridge. The acceleration signals are distinguished in the region and a strain gauge sensor is used to detect 
the bending. As a result, the sensors generate accelerate and strain gauge data, whereby the signal is 
transferred to the collecting data module. 

- Data collection process: The data acquisition module collects the strain gauge and accelerometer signals. 
The MCP3204 is a 12-bit analog to digital converter that is handled by the Raspberry embedded processors 
in this module. 

- CNNSs were used to detect the bridge's unusual condition: The strain gauge and accelerometer data are sent 
into the inputs of a CNN algorithm to estimate the bridge damage index. The identification of the 
training/testing processes in the analysis output is at the heart of this CNN algorithm. Before passing the 
data to the CNNs algorithm, all of the input data should be standardized. The abnormal situation of the 
bridge is identified by the classification output via bridge-mounted sensors. 

The modules that are mentioned above are strengthened by designing an interface using Qt Designer 
software for local monitoring on HDMI monitors and designing a website. Moreover, local monitoring and 
alerting take place at the bridge, while remote mode allows users to view data from anywhere through the 
internet. Figure 2 depicts the architectural layout. 

The architecture of the BDDs is shown in Figure 2 that includes local and remote monitoring and 
alerting mode. In bridges, the strain gauge and accelerometer are installed at specific points as in Figure 1. The 
data acquisition module gathers information from sensors. Moreover, bridge operators either monitor locally 
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at the bridge's HDMI display or remotely via a computer linked to the internet using the Google Firebase cloud 

database. The two main functions of the system are as below: 

- Monitoring function: The monitor system shows the strain gauge and accelerometer data from data 
collecting. It helps in monitoring the status of data collection from the sensors. The acceleration and strain 
gauge data are shown in the module as both a line graph and a data field at the bridge. 

- Alert function: Whenever the identification outputs are in unusual states, the alert system informs the user 
that the bridge's status is not safe and sounds an alarm. 
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Figure 2. Poroposed BDDs architecture 


3. THE IDENTIFICATION FUNCTION OF DAMAGE INDEX BASED ON CNN 

As previously stated, CNN establishes a different type of neural networks (NN) based on deep learning 
[6]-[9], [22]-[26]. Because the input comprises images/videos, the CNN takes benefit of it and restrains the 
design more intelligently. The layers of a CNN, unlike a typical NN, are arranged in three dimensions: width, 
height, and depth. The generated frames calculated from the conductivity characteristics supporting various 
structural situations are served to the CNN. 


3.1. The image pre-processing 
The first step to address is the pre-processing block including three image processing stages. The 
beginning action is to read the RGB picture and transform it to grayscale. As a result, the three-dimensional 
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picture is modified into a two-dimensional image to minimize the CNN's processing interval. The picture has 
also been reduced from (875x656x3) pixels to (300x300x3). 

A grayscale image is transformed to a feature vector in the second phase, which comprises all of the 
image's representative features. Here, the vector can have n dimensions, but we only need one to save 
processing intervals. The last phase converts the dataset into the characteristics space, where zero represents 
the mean value and adjusts it to the processing library's required specifications. 


3.2. Training process 

In this study, first, we used the SSD300 network SSD version, so the input photo was resized to 300x 
300x3 pixels. Then the image is filled into the SSD network with each image having an 8732-default box, then 
take out the image with the confidence of 200 bounding boxes out of 8732. Next, use the fast non-maximum 
suppression algorithm to get the bounding box and low confidence is eliminated. Permanently, we use the 
threshold to get the necessary information of the image as shown in Figure 3. We have the loss function [7], 
which is comparable to the approach used in other studies: 


1 
L(x,c,l, g) = N (Leong (x,cC) + dLioc(x, l, g)) (1) 
The (1) related to the default boxes: 
Lioc(x, l, g) = Liepos Eme ouyn xë smooth, (1;" — Gj) (2) 


where gi = (g7 — df*)/d}’.g5” = (9? — aP )/d}, gy = log(-4) and g = log( 4); Ligc is the smooth 


L loss between the anticipated and ground-truth box parameters. Leong is the certainty loss over multiple 
classifications (c) as in (3). 


Leong (X, c) = — Liepos xi log( e) = dieNneg log( é?) (3) 
p 
Where: cP = i xi, = {1,0} is a category P indication for matching the i-th default box to the j-th 
p i 


ground truth box. In (4) gives the created scale of the basic boxes [21] for each convolution layer: 


ee 4 Smax "min (k —1),k e [1,m] 


m (4) 


We selected Smin 18 0.25 and Smax 18 0.95 (Spg is 0.1, 0.2, 0.375, 0.55, 0.725. 0.9 means 30, 60, 112.5, 
165, 217.5, 270 pixels input image (875x656x3)). The algorithm is planned in such a way that the total number 
of tensors that must be loaded into memory is kept to a minimum. In most situations, it looks through all 
possible computing orders Ł(G) and chooses the smallest one. 


M(G) = min max|¥ aeriana lAl] + size(1;) (5) 





Where: R(i, z, G) is the list of intermediate tensors that are connected to any of zi. . . zn nodes, |A| represents 
the size of the tensor A, and size(zi) is the total amount of memory needed for internal storage during operation 
i. Where R(i, z, G) is a listing of transitional convolution layers related to any of the zi. . . zn nodes, | A | is the 
size of the tensor A, and size(zi) is the total of memory required for storage capacity throughout process i. 


M(G) = max |¥acoPinp|Al + LacoPourlB1 + OP || (6) 
opEG 


inp 


As illustrated in Figure 4, we utilize the Google Colab GPU to train the model [10] using input data 
of 480 pictures for training and 160 images for testing. Moreover, we require an incredibly powerful setup 
(GPU/CPU) for embedded systems employing Raspberry Pi apps running on smartphones to create these 
models for practical systems, such that this hardware performs: To detect and recognize, extract selected 
features of maps including apply convolution filters, the output is labeled with the item, and the confidence 
level is shown in percentages. 
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Figure 3. Structure of SSD for BDDs 
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Figure 4. Images input data collection 


4. THE PROPOSED BDDS UPPLYING ON BRIGE MORNITORING AND ALERTING SYSTEM 
4.1. Hardware and algorithm 

The hardware of a BBDs-V1 system consists of accelerometer sensors and strain gauge sensors that 
are analog signals converted to digital signals through the MCP3204 12-bit analog-to-digital converter (ADC) 
IC which communicates with the Raspberry Pi by SPI protocol as shown in Figure 5. These sensor signals are 
processed using a CNN, the Raspberry gives an alert by a buzzer and a touch screen in a station. In addition, 
the alarm signal is also transmitted to the cloud through Firebase Google for monitoring on the website. The 
algorithm is performed according to the following steps: 
Step 1: Collect sensor value pictures from the Raspberry embedded computer, save 1 image with 480 saved 
photos in succession after 5s, and use the image as an input to the CNN pre - process in Figure 3. 
Step 2: Set a label for the saved images; (Normal or Danger) 
Step 3: Generate the process of training and testing dataset (Table 1); 
Step 4: Create train TFRecord and test TFRecord files; 
Step 5: Create label map and configure training; 
Step 6: Setup Google Colab for object detection model training; 
Step 7: Train on Google Colab. 
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Figure 5. The hardware of a BBDs: (a) BBDs tested on HCM City University of Transport and (b) the 
structure of BBDs that have been established 


Accelerometer sensor 2 


Table 1. Distribution of frames, formed from the sensors signals into the dataset 
Structural status Training Testing 


Normal 315 105 
Danger 165 55 


4.2. Experimental 

Parameters are set through a data set consisting of 2 cases, Normal and Danger. Normal status includes 
315 images and Danger status with 165 images taken from experiments. In this study, the signal from the 
analog sensor signals is collected by the MCP3204 12-bit analog-to-digital converter (ADC) and sends to the 
Google Firebase database via the Raspberry Pi control board. Firebase provides access to real-time databases. 
In Firebase, information is stored as JavaScript object notation (JSON) and synchronized in real-time. Later 
we designed a website (Figures 6 and 7) to monitor the status of the bridge using web HTML technology 
developed on the front-end Angular architecture and provided with data through the connection between 
firebase and the website. 
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Figure 6. The website to monitor the status of the bridge: (a) image inputs and (b) testing-no alarm stage 
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When the system decides that no unsafe (abnormal) states exist, a timer will then be activated, and the 
clock will start. During the active timer duration, switch modes and countdown timer functions will be stopped 
after 5 seconds to allow for the next phase. However, if unsafe conditions arise in the system during the 
countdown (no physical effect on the system is required), the timer is reset, the system returns to its normal 
state, and the system supervisor can operate and record the status using the system function keys. The test 
recognized a hazardous situation in the experiment, and the outcome was as shown in Figure 7. By using the 
fasst non-maximum suppression method, the output dependability is maximum; the system provided better 
results in terms of quality, processing speed, and runtime. 
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Figure 7. The website to monitor the status of the bridge: (a) image input and (b) testing -alarm stage 
(dangerous states) 


5. CONCLUSION 

The CNN algorithm was investigated and used for the bridge degradation detection system in this 
study (BBDs). The designed system uses internet of things (IoT) and artificial intelligence (AI) technologies 
to monitor remote bridges on websites and apps via the Google Firebase cloud database based on Raspberry Pi 
4 hardware. Experimental results showed that the proposed system based on CNN can work stably and concur 
in actual conditions. The system's ability to function reliably and in accordance with the specified aims was 
demonstrated in the first phase of successful laboratory testing. 


ACKNOWLEDGEMENTS 
This study was supported by DT203038 (2020). 


REFERENCES 

[1] J. Ou and H. Li, “Structural health monitoring in mainland China: review and future trends,” Struct Health Monitoring, vol. 9, 
pp. 219-231, 2010, doi: 10.1177/1475921710365269. 

[2] B.F.S. Jr, M. E. Ruiz-Sandoval, and N. Kurata, “Smart sensing technology: opportunities and challenges,” Struct Control Health 
Monitoring, vol. 11, pp. 349-368, 2004, doi: 10.1002/stc.48. 

[3] H. Wang, T. Tao, A. Li, and Y. Zhang, “Structural health monitoring system for Sutong cable-stayed bridge,” Smart Struct Syst, 
vol. 18, no. 2, pp. 317-334, August 2016, doi: 10.12989/sss.2016.18.2.317. 

[4] X.H. He, X. G. Hua, Z. Q. Chen, and F. L. Huang, “EMD-based random decrement technique for modal parameter identification 
of an existing railway bridge,” Engineering Structures, vol. 33, no. 4, pp. 1348-1356, April 2011, doi: 
10.1016/j.engstruct.2011.01.012. 


Applying artificial intelligence for the application of ... (Xuan-Kien Dang) 


156 o ISSN: 1693-6930 


[5] X. He, J. Fang, A. Scanlon, and Z. Chen, “Wavelet-based nonstationary wind speed model in Dongting Lake cable-stayed bridge,” 
Engineering, vol. 2, no. 11, pp. 895-903, Jan. 2010, doi: 10.4236/engineering.2010.211113. 

[6] Z. Rustam, R.P. Yuda, H. Alatas, and C. Aroef, “Pulmonary rontgen classification to detect pneumonia disease using convolutional 
neural networks,” TELKOMNIKA Telecommunication, Computing, Electronics and Control, vol. 18, no. 3, pp. 1522-1528, 2020, 
doi: 10.12928/telkomnika.v18i3.14839. 

[7] X. K. Dang, H. N. Truong, V. C. Nguyen, and T. D. A. Pham, “Applying convolutional neural networks for limited-memory 
application,” TELKOMNIKA Telecommunication, Electronics and Control, vol. 19, no. 1, pp. 244-251, 2021, doi: 
10.12928/telkomnika.v19i1.16232. 

[8] S. Ren, K. He, R. Girshick, and J. Sun, “Faster R-CNN: Towards real-time object detection with region proposal networks,” IEEE 
Transactions on Pattern Analysis and Machine Intelligence, vol. 39, no. 6, pp. 1137-1149, 2017, doi: 
10.1109/TPAMI.2016.2577031. 

[9] R. F. Rahmat, Dennis, O. S. Sitompul, S. Purnamawati, and R. Budiarto, “Advertisement billboard detection and geotagging system 
with inductive transfer learning in deep convolutional neural network,” TELKOMNIKA Telecommunication, Computing, 
Electronics and Control, vol. 17, no. 5, pp. 2659-2666, Oct. 2019, doi: 10.12928/telkomnika.v1715.11276. 

[10] M. Rungruaganuku and T. Siriborvornratanakul, “Deep Learning based Gesture Classification for Hand Physical Therapy 
Interactive Program,” International Conference on Human-Computer Interaction, vol. 12198, July 2020, pp. 349-358, 
doi: 10.1007/978-3-030-49904-4_26. 

[11] T. Siriborvornratanakul, “An Automatic Road Distress Visual Inspection System Using an Onboard In-Car Camera,” Advances in 
Multimedia, vol. 2018, pp. 2561953:1-2561953:10, 2018, doi: 10.1155/2018/2561953. 

[12] S. Sonawane, N. Bhadane, S. Zope, A. Pangavhane, and V. S. Tidake, “Design of bridge monitoring system based on IoT,” MVP 
Journal of Engineering Sciences, vol. 1, no. 1, pp. 7-12, June 2018, doi: 10.1831 1/mvpjes/2018/v111/18258. 

[13] W. J. Li, C. Yen, Y. S. Lin, S. C. Tung, and S. Huang, “JustloT of Things based on the Firebase real-time database,” 2018 IEEE 
International Conference on Smart Manufacturing, Industrial & Logistics Engineering (SMILE), May 2018, pp. 43-47, dot: 
10.1109/SMILE.2018.8353979. 

[14] X. K. Dang, V. C. Nguyen, T. P. Nguyen, T. D. A. Pham, and C. P. Vo, “A Vision Based System Design for Over-Sized Vessel 
Detecting and Warning Using Convolutional Neural Network,” International Conference on Industrial Networks and intelligent 
Systems, vol. 379, May 2021, pp. 416-430, doi: 10.1007/978-3-030-77424-0_34. 

[15] J. L. Lee, Y. Y. Tyan, M. H. Wen, and Y. W. Wu, “Development of an IoT-based bridge safety monitoring system,” Proceedings 
of the 2017 IEEE International Conference on Applied System Innovation (ICASI), May 2017, pp. 84-86, doi: 
10.1 109/ICASI.2017.7988352. 

[16] Y. Yu, C. S. Cai, and L. Deng, “Vehicle axle identification using wavelet analysis of bridge global responses,” Journal of Vibration 
and Control, vol. 23, no. 17, pp. 2830-2840, 2017, doi: 10.1177/10775463 15623147. 

[17] P. Chatterjee, E. OBrien, Y. Li, and A. Gonzales, “Wavelet domain analysis for identification of vehicle axles from bridge 
measurements,” Computers and Structures, vol. 84, no. 28, pp. 1792-1801, Nov. 2006, doi: 10.1016/j.compstruc.2006.04.013. 

[18] W. Setiawan, M. I. Utoyo, and R. Rulaningtyas, “Classification of neovascularization using convolutional neural network model,” 
TELKOMNIKA_ Telecommunication, Electronics and Control, vol. 17, no. 1, pp. 463-472, Feb. 2019, dot: 
10.12928/telkomnika.v17i1.11604. 

[19] R. P. Bandara, T. H. T. Chan, and D. P. Thambiratnam, “Structural damage detection method using frequency response functions,” 
Structural Health Monitoring, vol. 13, no. 4, pp. 418-429, July 2014, doi: 10.1177/1475921714522847. 

[20] R. Wang et al., “A Crop Pests Image Classification Algorithm Based on Deep Convolutional Neural Network,” TELKOMNIKA 
Telecommunication, Electronics and Control, vol. 15, no. 3, pp. 1239-1246, September 2017, doi: 10.12928/telkomnika.v1513.5382. 

[21] O. C. Reyes, P. Scully, and K. B. Ozanyan, “Deep neural networks for learning spatio-temporal features from tomography sensors,” 
IEEE Transactions on Industrial Electronics, vol. 65, no. 1, pp. 645-653, Jan. 2018, doi: 10.1109/TIE.2017.2716907. 

[22] X. K. Dang, L. A. H. Ho, and V. D. Do, “Analyzing the sea weather effects to the ship maneuvering in VietNam sea from Binh 
Thuan province to Ca Mau province based on Fuzzy control method,” TELKOMNIKA Telecommunication, Computing, Electronics 
and Control, vol. 16, no. 2, pp. 533-543, 2018, doi: 10.12928/telkomnika.v1613.7753. 

[23] X. K. Dang and L. A. H. Ho, “Joint fuzzy controller and fuzzy disturbance compensator in ship autopilot system: investigate stability 
in environmental conditions,’ Journal of Current Science and Technology, vol. 11, no. 1, pp. 114-126, 2021, doi: 
10.14456/jest.2021.13. 

[24] J. Gu et al., “Recent advances in convolutional neural networks,” Pattern Recognit, vol. 77, pp. 354-377, May 2018, 
doi: 10.1016/j.patcog.2017.10.013. 

[25] J. Redmon, S. Divvala, R. Girshick, and A. Farhadi, “You Only Look Once: Unified, Real-Time Object Detection,” JEEE 
Conference on Computer Vision and Pattern Recognition, pp. 779-788, 2016, doi: 10.1109/CVPR.2016.91. 

[26] M. Sandler, A. Howard, M. Zhu, A. Zhmoginov, and L. C. Chen, “MobileNetV2: Inverted Residuals and Linear Bottlenecks, ” 
Proc. IEEE Conference on Computer Vision and Pattern Recognition, 2018, pp. 4510-4520, doi: 10.1109/CVPR.2018.00474. 


BIOGRAPHIES OF AUTHORS 


Xuan-Kien Dang © Eg P received Ph.D. degree in Control Science and Engineering, 
i Huazhong University of Science and Technology in June 2012. He is serving as the Director of 

| Graduate School, Ho Chi Minh City University of Transport, Vietnam. He has been awarded the 
4 Best Paper Award in the 4" Conference of Science and Technology, Ho Chi Minh City University 
of Transport (2018), the President Prize for Award Winner of the Excellent Paper of the 17th Asia 
Maritime & Fisheries Universities Forum (2018). His current research interests focus on Control 
Theory, Automation, Maritime Technology, Underwater Vehicles, Optimal and Robust Control, 
and Networked Control System. He can be contacted at email: kien.dang @ut.edu.vn. 






TELKOMNIKA Telecommun Comput El Control, Vol. 20, No. 1, February 2022: 149-157 


TELKOMNIKA Telecommun Comput El Control o 157 


Le Anh-Hoang Ho © Eg P he earned a Master's degree in Automation and Control 
Engineering from Vietnam's Ho Chi Minh City University of Transport in 2018. He is now a 
lecturer at Vietnam's Van Hien University. Control Theory, Automation, the Internet of Things, 
and Artificial Intelligence are among his main research interests. He can be contacted at email: 
hoanghla@ vhu.edu.vn. 


Xuan-Phuong Nguyen © ig P achieved Ph.D. degree in System Analysis, Control and 
Information Processing at the Scientific-Research and Experimental Institute of Automotive 
Electronics and Electrical Equipment, Russia in Dec. 2011. He was conferred Associate Professor 
title in 2016. His current research interests focus on Maritime Technology, Underwater Vehicles, 
Automotive Electronics and Electrical system, and Environmental Protection. He can be contacted 
at email: phuong @ut.edu.vn. 


Ba-Linh Mai © E4 P received Ph.D. degree in Navigation, Odessa National Maritime 
Academy, Ukraine in May. 2005. He was serving as the lecturer of Navigation Dean, Vietnam 
Maritime University in 2006. He is working as the Principal Officer in Science and Technology 
Department, Ministry of Transport of Vietnam. His current research interests focus on Maritime 
Technology, Underwater Vehicles, and Transportation. He can be contacted at email: 
maibalinhbogtvt@ gmail.com. 





Applying artificial intelligence for the application of ... (Xuan-Kien Dang) 


